The objective of this paper was to investigate, for various scenarios at low and high marker density, the accuracy of imputing genotypes when using a multivariate mixed model framework using information from 2, 4, or 10 surrounding markers. This model predicts genotypes at a locus, using genotypes at nearby loci as correlated traits, and the additive genetic relationship matrix to use information from genotyped relatives. For 2 scenarios this method was compared with the population-based imputation algorithms Fast-PHASE and Beagle. Accuracies of imputation were obtained with Monte Carlo simulation and predicted with selection index theory, using input from the simulated data. Five different scenarios of missing genotypes were considered: 1) genotypes of some loci are missing due to genotyping errors, 2) juvenile selection candidates are genotyped using a smaller SNP panel, 3) some animals in the pedigree of a breeding population are not genotyped, 4) juvenile selection candidates are not genotyped, and 5) 1 generation of animals in the top of the pedigree are not genotyped. Surrounding marker information did not improve accuracy of imputation when animals whose genotypes were imputed were not genotyped for those surrounding markers. When those animals were genotyped for surrounding markers, results indicated a limited gain when linkage disequilibrium (LD) between SNP was low, but a substantial increase in accuracy when LD between SNP was high. For scenario 1, using 1 vs. 11 SNP, accuracy was respectively 0.75 and 0.81 at low, and 0.75 and 0.93 at high density. For scenario 2, using 1 vs. 11 SNP, accuracy was, respectively, 0.70 and 0.73 at low, and 0.71 and 0.84 at high density. Beagle outperformed the other methods at high SNP density, whereas the multivariate mixed model was clearly superior when SNP density was low and animals where genotyped with a reduced SNP panel. The results showed that extending the univariate gene content method to a multivariate BLUP model with inclusion of surrounding marker information only yields greater imputation accuracy when the animals with imputed loci are at least genotyped for some SNP that are in LD with the SNP to be imputed. The equation derived from selection index theory accurately predicted the accuracy of imputation using the multivariate mixed model framework.
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INTRODUCTION
Using dense markers in practical estimation of genome-wide breeding values or QTL mapping requires genotypic information for all phenotyped animals included in the analysis, as well as for all juvenile selection candidates. Despite the reduced costs, genotyping all considered animals may be too costly and sometimes not feasible because DNA may not be available for all animals.
Several methods exist to impute missing genotypes that, apart from the genotypic information at the locus of interest, use only pedigree data (Gengler et al., 2007 (Gengler et al., , 2008 , only surrounding markers (FastPHASE; Scheet and Stephens, 2006) , or both (Li and Jiang, 2003; Kong et al., 2008; Meuwissen and Goddard, 2010; Mulder et al., 2010b ). The mixed model (BLUP) method presented by Gengler et al. (2007) uses the BLUP framework to derive missing gene content conditional on genotypic information of relatives. The accuracy of imputation of the genotypes with this method can be predicted with straightforward selection index theory (J. Bastiaansen, Wageningen University, Wageningen, the Netherlands, unpublished data).
In a previous comparison, it has been shown that the BLUP method using surrounding marker information as correlated traits provides a computationally efficient alternative for a multimarker iterative peeling method (Mulder et al., 2010b) . In Mulder et al. (2010b) , however, no increase in accuracy of imputation was reported, but they considered relatively sparse marker maps and animals were either genotyped for all markers or not genotyped at all.
The objective of this paper was to investigate, for various scenarios at low and high marker density, the increase in accuracy of imputing genotypes when using the multivariate BLUP model extended by including information from surrounding markers. For 2 scenarios where individuals with missing genotypes were genotyped for flanking markers, the performance of this method was compared with the population-based imputation algorithms FastPHASE and Beagle. Accuracies of imputation were obtained with Monte Carlo simulation and predicted with selection index theory, using input from the simulated data.
MATERIALS AND METHODS
Animal Care and Use Committee approval was not obtained for this study because no animals were used.
Imputation of Missing Genotypes
The applied method to impute missing genotypes uses the BLUP framework that is widely used to predict breeding values in livestock (Henderson, 1975) . As described by Gengler et al. (2007) , the gene content method implemented for 1 biallelic locus uses the model
where gc is the genotype (defined here as 0 for homozygous 11 animals, 1 for heterozygous animals, and 2 for homozygous 22 animals), μ gc is the mean genotype, a gc is the breeding value for the genotype, and e gc is the residual. Following Gengler et al. (2007) , we applied a heritability of 0.99. The heritability is the squared accuracy of genotyping, allowing for a small proportion of genotyping errors. To test the effect of used heritability, all scenarios were repeated using a heritability of 0.95. The a gc was estimated as a breeding value, considering additive genetic relationships between the animals. The estimated genotype was then calculated as ˆˆˆ.
gc a gc gc = + µ We used the !BLUP 2 option in ASReml to solve the BLUP model (Gilmour et al., 2006) . Known genotypes of animals were included as phenotypes in the model, whereas unknown (or missing) genotypes were included as missing phenotypes.
In the extended model, the genotype at several loci was modeled simultaneously. The model for locus i was as follows (Mulder et al., 2010b) :
where i denotes the locus number. The (co)variances of all included loci were modeled by G A ⊗ , where G is a variance-covariance matrix where all diagonal elements were set to 0.99 or 0.95, and the off-diagonal elements were calculated as the correlations between different loci multiplied by 0.99 (or 0.95), and A is the numerator relationship matrix. Residual variances were given a value of 0.01 (or 0.05), such that the heritability was 0.99 (or 0.95). Residual covariances were considered to be 0. The alternative heritability values were used to test the effect on the accuracy of imputing the missing genotypes. For each pair of loci that was included together in the same analysis, the correlation between them was calculated from animals with known genotypes on all loci that were simultaneously included in the model. Using information from the same animals to calculate each coefficient in the correlation matrix helps to avoid inconsistencies in the correlation matrix due to sampling. To further avoid problems with nonpositive definite matrices in situations where linkage disequilibrium (LD) between loci was complete and to allow influence of all considered SNP loci, the correlations were set to −0.95 whenever their value was <−0.95 and to 0.95 whenever their value was >0.95. This adjustment is expected to have a very minor impact on imputation accuracy because it will only slightly reduce the contributed information from a locus included in the model in situations where the correlation with the imputed locus >0.95 or <−0.95.
Across all scenarios a window of 1, 3, 5, or 11 SNP was included in the model. For scenario 2 (juveniles genotyped with a smaller SNP panel, see scenarios below), each locus that was not genotyped in the last generation, was imputed using the above models. The included flanking SNP were those flanking SNP for which the last generation was genotyped (see Figure 1 for an illustration). Those loci were included to use LD information, next to the known genotype information in the parents, to impute genotypes.
To allow comparison of the performance of the presented imputation method with existing methods, scenario 1 and 2 (scenario 1: some SNP missing; scenario 2: juveniles genotyped for a smaller SNP panel, see description of scenarios below) were also imputed using the population-based imputation algorithms FastPHASE (Scheet and Stephens, 2006) and Beagle (Browning and Browning, 2007) . FastPHASE was applied with default parameters. Beagle was run assuming that animals were unrelated (i.e., pedigree information was not used, using 20 iterations instead of the default of 10 iterations, to ensure convergence of the results). The quality of imputed genotypes was assessed by calculating the accuracy of imputation, the mean squared error of imputation, and the regression of true on imputed genotype.
Prediction of Accuracy of Imputed Genotype Using Selection Index Theory
When nloc known SNP loci together explain variation at another locus, the following formula derived from selection index theory is presented to predict the multiple coefficient of determination, R 2 , as (J. Bastiaansen, Wageningen University, Wageningen, the Netherlands, unpublished data):
where the vector c contains values of r between each of the surrounding genotyped SNP and the loci at which SNP are imputed, and K is a square (nloc × nloc) matrix with values of r on the off-diagonal elements for each pair of explaining SNP, and values of 1.0 on the diagonal. This formula can be used to predict the model R 2 for scenarios where known genotypes of surrounding SNP of the animal itself are used. The formula can be extended to predict the R 2 of a model that imputes a genotype at a locus when next to surrounding markers; also information is used from relatives that have a known genotype for the imputed locus. First, c is replaced by c* as follows: c* is a vector with dimension nloc + 1. Consider that r i is the r between any included locus i and the locus x that is to be imputed and that locus x is imputed with accuracy r x using information from relatives:
Second, K is replaced by K*, where K* is a matrix with dimensions (nloc + 1) × (nloc + 1), with values of r on the off-diagonal elements for each pair of the nloc + 1 SNP (i.e., both the predicting and the imputed SNP, calculated from animals that have all SNP genotyped), and values of 1.0 on the diagonal.
The multiple coefficient of determination for this scenario is then calculated as
This formula was only applied to scenario 2 where juveniles were genotyped for a smaller SNP panel (see scenario below). In that scenario, animals whose genotypes were imputed always had both parents genotyped. The accuracy of imputation when only the imputed locus was included in the model (i.e., r x in formula [2] was taken to be 1 2 ). This accuracy is calculated using selection index theory (Mrode, 2005) . Consider that both parents and no offspring are genotyped and assume that the heritability is 1.0; then
, where both b (vector with weights for each parent) and G (vector with genetic covariances between the parents and the animal) contain values of ½ and σ a = 1.
Scenarios
Five different scenarios of missing genotypes were considered as outlined in Table 1 . Scenario 1 represents a situation where 5% of the loci of genotyped animals have missing genotypes due to genotyping error. Scenario 2 represents a situation where juvenile selection candidates are genotyped using a smaller SNP panel (e.g., Habier et al., 2009) , that includes 1 of each 6 SNP. Scenario 3 represents a situation where 5% of the animals in the pedigree of a breeding population are not genotyped. Scenario 4 represents a situation where the juvenile selection candidates are not genotyped. Scenario 5 represents a situation where 1 generation of animals in the top of the pedigree is not genotyped. For all scenarios, SNP were included at either side of the locus for which the genotype was imputed. For instance, when 5 loci were included, the 2 closest SNP at either side of the imputed locus were included in the model. The only exception was scenario 2. In this scenario, included SNP were always the closest flanking SNP for which all animals were genotyped. This is illustrated in Figure 1 .
Simulated Data
Data sets were simulated to allow comparison of the different models, in terms of accuracy of the imputed genotypes. An effective population size of 500 animals was simulated, of which one-half of the animals were female and the other one-half male. This structure was kept constant for 1,000 generations. Mating was performed by drawing the parents of an animal at random from the animals of the previous generation. Initial simulations with an effective population size closer to realistic values for livestock species (e.g., 100, provided LD at short distances that were greater than observed in real livestock data). Using an effective population size of 500 provided LD that was much closer to those observed in real data.
Two hundred biallelic SNP loci were simulated on 1 chromosome with length 1.0 morgan, with fixed distances of 0.05 or 0.5 cM between them. Those 2 distances were chosen to resemble high and low marker densities. Each animal in generation 1 received at random alleles with equal chance so that the allele frequencies were 0.5 in the base generation. In the 1,000 generations thereafter, each locus had a mutation rate of 2.5 × 10 −5 to allow reaching a mutation drift balance with a limited number of generations (Habier et al., 2007) . A mutation caused an allele 1 to become 2, and vice versa. Recombination rates followed Haldane's mapping function. Allele frequencies in the last 4 generations followed approximately a U-shaped distribution. Genotypes from the last 4 generations, as well as pedigree information of the last 6 generations, were retained for analysis. In total, 2 replicated data sets were simulated per scenario. The total number of replicates used to evaluate a scenario is considered to be the same as the number of loci that were subject to imputation because at least some animals were assumed to be not genotyped for those loci. This number ranged from 180 to 216, summed across the 2 replicated data sets, across scenarios.
RESULTS
The simulated data sets had on average 108 loci out of 200 segregating in the last 4 generations, which corresponded to an average distance between adjacent segregating loci of ~1.0 and 0.1 cM for the data with low and high density, respectively. The data set with low density had an average r 2 value between adjacent SNP of 0.06, whereas this value was 0.31 for the high density. Across different distances between SNP, for both marker densities the realized LD closely followed the expectation calculated using the formula of Sved (1971) .
Imputed Genotypes
The results showed that known genotypes in all scenarios were imputed with high accuracy (0.997 to 1.000) as expected (results not shown). When imputing unknown genotypes for animals that were completely ungenotyped (scenarios 3, 4, and 5; Table 2 ), including more than 1 SNP in the model did not result in an increase in accuracy. When animals were genotyped for at least some loci (scenarios 1 and 2), including additional SNP increased the accuracy of imputation. Using 11 SNP instead of 1, the accuracy for scenario 1 increased by 0.06 and 0.19 at low and high density, respectively, and for scenario 2 the accuracy increased by 0.03 and 0.14 at low and high density, respectively (Table 2) . Unknown genotypes were imputed with slightly greater accuracy when their parents were genotyped compared with when only their offspring were genotyped (scenario 4 vs. 5). This was because, in scenario 4, ungenotyped animals on average had only 2 genotyped offspring. When both genotyped offspring and parents were available, the accuracy of imputing unknown genotypes was further increased by 0.045 compared with when only parents were genotyped (scenario 4 vs. 3). The heritability used to impute the genotypes hardly affected the accuracy of imputation.
Regression coefficients showed that imputed genotypes both for known and unknown genotypes were almost unbiased when a heritability of 0.99 was used (results not shown). Decreasing the heritability to 0.95 resulted in similar bias for both known and unknown genotypes across all scenarios. The bias was such that The last generation of 500 animals had 5 out of 6 markers missing. 3
Five percent of the animals, random throughout the pedigree, had complete missing genotypes. 4
All genotypes of the last generation of animals were missing. 5
All genotypes of the first generation of animals were missing.
the variance of the imputed genotypes was slightly underestimated. Mean squared errors of prediction were very small for all known genotypes (results not shown). Mean squared errors of prediction for unknown genotypes decreased considerably when accuracy of imputation increased. Mean squared errors of prediction were also hardly affected by the used heritability to impute the genotypes.
Comparison of Imputation Methods
To allow comparison of the performance of the presented method, missing genotypes in scenarios 1 and 2 were also imputed with FastPHASE and Beagle. The imputation accuracy for FastPHASE could not be calculated for 3.6 and 2.0% of the imputed loci in scenario 1 with low and high density, respectively, and for 24.9 and 9.2% in scenario 2 with low and high density, respectively, because all imputed alleles were either 1 or 2. For calculation of the average imputation accuracy for FastPHASE, those loci were omitted. Accuracies for imputation with FastPHASE and Beagle are presented in Table 3 . In scenario 1, Beagle had the greatest imputation accuracy, both at low and high marker density. At low marker density, the BLUP model had a greater accuracy than FastPHASE, whereas this reversed at high marker density. In scenario 2, Beagle had the greatest imputation accuracy at high marker density, followed by the BLUP model and FastPHASE. At low marker density, the BLUP model had a much greater accuracy than Beagle and FastPHASE. In summary, Beagle outperformed the other methods in a scenario with missing genotypes at few loci. In the scenario where animals were genotyped for a low-density SNP chip, at low marker density the BLUP model was clearly superior, whereas at high marker density Beagle performed only slightly better than BLUP.
In terms of calculation time, the BLUP model with 1 or 3 SNP was in the same range as Beagle, but rankings differed across scenarios (Table 4) . Thereafter, the BLUP model with 5 SNP, FastPHASE, and the BLUP model with 11 SNP were fastest, respectively.
Predicted Accuracies of Imputed Genotypes
In addition to assessing the accuracy by relating the imputed to the simulated genotypes, the accuracy of imputation was also predicted using Eq. [2], without the need to impute the genotypes themselves. For both the low and high marker density, the accuracy of genotype imputation for scenario 2, as shown in Table 2 , is plotted in Figure 2 . The predicted accuracy of genotype imputation was plotted when using 1, 3, 5, 7, 9, or 11 loci (Figure 2 ). All results in Figure 2 are averaged across all loci that were not genotyped for generation (Figure 3) . In other words, Eq.
[1] predicts the accuracy of genotype imputation based on LD information only. The difference in accuracy between Figures 2 and 3 therefore indicates the effect of having the parents genotyped, in addition to having LD information only. This shows that including the genotype of the parents, depending on the number of loci included, increases the accuracy up to 0.52 for the low marker density when only 3 loci are included (Figures  2 and 3 ). This increase in accuracy decreased to 0.44 when 11 loci were included in the model. For the high marker density, including the genotype of the parents increased the accuracy of imputation by 0.32 when 3 SNP were included, decreasing to 0.18 when 11 SNP were included. The greatest accuracies in Figure 2 were never greater than the least accuracies in Figure 3 , indicating that the accuracy of imputation purely based on surrounding SNP was never greater than the accuracy of imputation based only on the genotypes of both parents.
DISCUSSION
The objective of this paper was to investigate, for various scenarios at low and high marker density, the increase in accuracy of imputing genotypes when using the gene content method extended by including information from surrounding markers. Practical advantages of using the BLUP model over other methods to impute missing genotypes are that phasing of the genotyped data are not necessary and that many software packages are available that efficiently can set up and solve the mixed model equations. We applied this method for missing marker genotypes as in Mulder Figure 2. Accuracy of genotype imputation for scenario 2 based on analysis with the BLUP model (an) or obtained using formula 2 (det) for both marker densities (low and high). et al. (2010b) , but the method can also be applied to marker haplotypes (Mulder et al., 2010a) .
Comparison of Imputation Methods
Comparison between imputation methods showed that Beagle outperformed the other methods at high SNP density, whereas the multivariate mixed model was clearly superior in a scenario where SNP density was low and animals where genotyped with a reduced SNP panel. The observation that Beagle outperforms FastPHASE is in line with results from Browning and Browning (2007) . Beagle and FastPHASE use haplotype information after phasing the data, whereas the BLUP model does not. The comparison of methods therefore clearly shows that use of pedigree information is important when the SNP density is low and the flanking genotyped markers are in limited LD with the genotyped SNP. At greater SNP densities, however, use of haplotype information appears more beneficial than use of pedigree information.
We showed that with 3 or 5 SNP included, in terms of computation time BLUP outperformed FastPHASE and could compete with Beagle. Calculation time for BLUP was comparable across scenarios because the model was solved by straight inversion of the left-hand sides of the mixed model equation. Using other optimized algorithms that are widely available to implement this method, such as MiXBLUP using the preconjugate gradient method (Stranden and Lidauer, 1999) , might further reduce calculation time of BLUP.
Important advantages of the BLUP approach to impute genotypes are that the method can deal with different sources of information: known genotypes from all sorts of relatives, known genotypes from the animal itself and the population average allele frequencies. In the situation where an animal has no genotyped relatives and no known genotypes itself, the method would still impute the genotypes to be equal to the population average.
Using Different Levels of Information
Including the surrounding marker information in the BLUP model did not improve the accuracy of imputation when animals whose genotypes were imputed were not genotyped for those surrounding markers (scenarios 3, 4, and 5). When those animals were genotyped for surrounding markers (scenarios 1 and 2), the results indicated a limited gain when the LD between SNP was low, but a substantial increase in accuracy when the LD between SNP was high. Including more than 2 neighboring SNP further increased the accuracy of imputation, but the largest benefit came from including those 2 closest SNP. These results indicate that use of imputed genotypes is probably only beneficial when the animals are at least genotyped for a small set of loci. This is confirmed in a study that showed that increasing a reference population by completely ungenotyped animals with their imputed genotypes hardly improved the accuracy of genomic estimated breeding values of selection candidates (Pszczola et al., 2011) . One exception may be a scenario where ungenotyped animals have many genotyped offspring. In scenario 5 in our study, ungenotyped animals had on average 2 genotyped offspring, and the accuracy of imputation was relatively poor. Boettcher et al. (2004) showed that haplotype reconstruction was rather poor based on only a few offspring, but the accuracy reached 100% when 30 or more offspring were genotyped. 
LD Information vs. Information from Genotyped Relatives
The extended multivariate model used LD information from surrounding SNP through the correlations between loci that were calculated from all animals with known genotypes. In this respect, those correlations reflected population-wide LD. In addition, genotype information of relatives was used through the numerator relationship matrix. The presented deterministic equation was shown to accurately predict the accuracy of imputation, given that different sources of information are included. In scenario 2, animals had both parents genotyped, in addition to being genotyped themselves for the reduced set of SNP. The accuracy due to known genotype information of both parents is expected to be 1 2 , which was confirmed by the realized accuracy in scenario 4 ( Table 2 ). Derivation of the expected accuracy for scenarios where only 1 parent is genotyped, or for instance only the sire and maternal grandsire, is straightforward.
In our simulated data, the predicted accuracy of imputation based on surrounding SNP alone was never greater than the accuracy of imputation with the BLUP model based on the genotypes of both parents alone. It should be noted that this conclusion depends on the LD in the data, and thus from the SNP density and population characteristics such as the effective population size. The presented formulas allow prediction of the relative importance of parental genotypes and LD information for imputation of a genotype of an animal, given the marker density and observed LD. The formulas in their present form, however, cannot predict the accuracy, and therefore the relative importance, of using haplotype information as done in Beagle and FastPHASE.
In conclusion, the results showed that extending the univariate gene content method to a multivariate BLUP model with inclusion of surrounding marker information only yields greater imputation accuracy when the animals with imputed loci are at least genotyped for some SNP. In those scenarios, at high marker density Beagle outperformed the multivariate BLUP model. At low SNP density, however, the multivariate BLUP model was much more accurate than Beagle and FastPHASE when animals were genotyped for a reduced SNP panel. In the presented data, having genotyped parents was more important for accurate genotype imputation than LD information, but this may be reversed when the SNP density becomes much greater than available in current SNP panels. A formula based on selection index theory was presented that accurately predicts the accuracy of imputation with the proposed extended multivariate gene content method.
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